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Mushroom image recognition method based on improved
ConvNeXt and knowledge distillation

Ren Xiwei Wang Rui Jia Shiduan Liu Yan Xiao Man

(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science & Technology, Xi'an 710021, China)

Abstract: There are many kinds of mushrooms, especially poisonous mushrooms, which are similar in shape and
difficult to identify. There is an important practical need for efficient identification of mushroom species. In view of the
problems of complex background, low recognition accuracy, large number of model parameters and difficult
deployment on mobile terminals in existing mushroom image recognition methods, a mushroom image recognition
method based on improved ConvNeXt model and knowledge distillation is proposed. Firstly, the pre-trained ConvNeXt
weight file is applied to the mushroom recognition task through transfer learning, and the coordinate attention
mechanism is introduced to construct the ConvNeXt_CA model, which effectively improves the fine-grained feature
extraction ability of the model. Secondly, based on the knowledge distillation technology, the ConvNeXt_CA model is
used as the teacher model and the ShuffleNet v2 model is used as the student model to construct a lightweight MushNet
model. The overall efficiency of the edge deployment of the improved model is greatly improved. Finally. the relevant
model comparison experiments are carried out. The results show that the accuracy of the proposed improved model
reaches 94. 89% , and the size of the MushNet model after knowledge distillation is about 1/21 of the original, which is
better than other traditional models and lightweight models. The effectiveness and feasibility of the proposed
mushroom image recognition method are proved.

Keywords: mushroom image recognition; MushNet; ConvNeXt; coordinate attention mechanism; transfer learning;
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Table 3 MOCN_Poison comparison results

152 780 42 R Accuracy/ % Precision/ % Params/M ParamsSize/ MB
Swin-Transformer 86. 29 86.58 27.56 114. 26
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Table 4 MOCN_500 comparison results
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ResNeSt 87.15 87.31 25.54 110. 04
FocalNet 83.72 83. 86 28. 65 113. 64
ConvNeXt 87.43 87.65 27.85 106. 25
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Table 5 Comparison of the effectiveness of transfer learning
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Table 6 Comparative experiment of attention module
S e Accuracy/ Params/ ParamsSize/
% M MB
ECA 93. 39 37.56 143. 27
CBAM 92. 34 31.09 118. 60
EMA 92.72 27. 88 106. 38
SimAM 88. 54 27.85 106. 25
CA 94. 89 28.18 107. 49
xT HEXBER

Table 7 Ablation experiment results

Accuracy/ Params/ ParamsSize/

Ty ik Y M MB
ConvNeXt 87. 43 27.85 106. 25
ConvNeXt+iF#H 22>  88.89 27.85 106. 25
ConvNeXt+CA 88. 60 28.18 107. 49
Ours 94. 89 28.18 107. 49
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LR B %F b 52 3, 49 3% MobileNet-V3™ | RegNet™ |
EfficientNet-V2™" DL & ShuffleNet-V2, 45 5132 8 Fis,

RS FHEBEBANMILER

Table 8 Comparison results of student models

12 760 42 R Accuracy/ % Precision/ % Params/M ParamsSize/ MB
MobileNet-V3 81. 80 81.93 1. 57 5.99
RegNet 82. 28 82. 48 2.33 8.91
EfficientNet-V2 86. 72 86. 84 20. 24 77.23
ShuffleNet-V2 88. 64 88. 78 1. 31 4.99
MushNet(Ours) 91. 42 91.51 1.31 4.99

TG R, AR SCHR Y MushNet 768 B B ¥ T
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Table 9 Temperature coefficient comparison experiment Table 10 Comparison experiment of weight parameter
BERKT Accuracy/ % WESH o Accuracy/ %
3 90. 42 0.4 89. 58
4 90. 34 0.5 90. 42
5 90. 10 0.6 90. 25
6 89.92 0.7 90. 79
7 90. 02 0.8 91.42
8 90. 23 0.9 91. 30
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B, 1t PA_CBAM Ji 4k ResNet50 4544, [F] A #4 & 1
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Table 11 Comparison with existing methods
R 42 FR Accuracy/ % Precision/ % Params/M ParamsSize/ MB
BE-EfficientNet 88.93 89.02 4.55 17. 35
PA-CBAM-ResNet 87.11 87.25 28. 64 109. 28
PA-CBAM-pretrain-MobileNetV2 82.13 82. 20 2.32 8. 84
LWCR-Net 88.93 89. 04 1. 65 6. 30
Ours 91.42 91.51 1.31 4.99
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Fig.4 Comparison of heatmaps of various model features
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